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Abstract—Coding agents increasingly perform software im-
plementation, challenging what software engineering education
should teach and assess. We propose defining engineering as
exercising informed control over consequential systems while
accepting responsibility for their outcomes. This definition shifts
educational priorities from performing implementation to ex-
ercising judgment over consequential decisions and governing
delegated work. We operationalize these priorities in a redesigned
undergraduate software engineering course enrolling 115 stu-
dents at a large U.S. research-intensive institution. Students
learn to make and defend engineering decisions through process,
requirements, specification, architecture, design, and validation,
then use models and controls to govern delegation. An open-
ended, regulation-driven project requires teams to negotiate
shared specifications and independently implement and cross-
test their systems, while oral examinations assess individual
engineering judgment. We describe the course’s initial offering
and identify open questions about implementation expertise and
the assessment of engineering competence.

Index Terms—Software engineering education, generative AI,
engineering judgment & responsibility, human–AI collaboration

I. INTRODUCTION

Generative AI and increasingly capable coding agents have
prompted calls to reconsider software engineering practice,
the role of human engineers, and the computing curriculum
itself [1], [2], [3]. What does it mean to engineer a software
system when much of its fabrication can be delegated? Engi-
neering has always involved delegation; agents greatly expand
its scope. In business [4] and military [5] settings, leaders have
long delegated execution while retaining responsibility for
outcomes. Agents now enable individual engineers to do the
same, delegating fabrication without relinquishing engineering
responsibility. We propose that software engineering edu-
cation should train students to exercise informed control
over delegated engineering work.

The need for such control is increasingly apparent in indus-
try. Feng et al. found that experienced engineers maintained
control through deliberate delegation, while junior engineers
struggled with overreliance on agents, particularly on unfa-
miliar tasks [6]. Anecdotally, a staff software engineer at
SoFi described a pattern he had observed and heard from
colleagues at Amazon, Meta, Google, and Microsoft: “code
gets merged, but nobody is completely sure what the code
does anymore” [7]. The 2026 State of Devs survey suggests
the scale of this transition: respondents estimated a median
of 63% of their code was AI-generated, while 45% identified
negative cognitive impacts among their leading concerns [8].

These industrial developments and our own experience mo-
tivated us to redesign our undergraduate software engineering
course. The lead instructor spent six months engaged in full-
time agentic software development. He produced a three-
million-line software system now in use at our institution,
while directly authoring or inspecting almost none of its code.
This experience led us to recognize the relevance of a systems-
theoretic conception of engineering as control, and to develop
practical mechanisms for exercising that control over delegated
work. §III shows the developed educational approach; §IV
illustrates its implementation through a semester project, oral
examinations, and an agent-mediated modeling laboratory.

In summary, we contribute:
• A responsibility-and-control framing of software engi-

neering that distinguishes delegable work from enduring
engineering responsibility.

• A software engineering course design emphasizing engi-
neering judgment and informed control when implementa-
tion is delegated.

II. BACKGROUND

A. From Generative AI to Agentic Engineering
Advances in generative AI [13] have enabled engineers to

delegate complex software engineering work to computational
agents [14], [15], [16]. We use agents to mean computa-
tional systems that perform delegated work requiring open-
ended reasoning and action, and fabrication to mean the
production or modification of engineering artifacts, including
code, specifications, tests, and models. The declining cost of
fabrication shifts engineering attention toward deciding what
should be built, establishing obligations, evaluating evidence,
and governing the resulting system [17].

Agents increasingly perform work throughout the software
lifecycle [18], while software engineering education has tra-
ditionally emphasized students performing that work them-
selves [19]. Industry is still determining what this means
for practice; educators should not simply follow. It is our
responsibility to interpret these changes and prepare the next
generation of engineers, at times in disagreement with current
practice. Delegation instead requires engineers to establish
conditions for acceptable results and retain the ability to
evaluate and intervene.

B. Engineering: Problem Solving or Control?
These developments raise a more fundamental question:

what is engineering, independent of the tools and techniques



TABLE I
TWO PERSPECTIVES ON ENGINEERING. THE CHOICE DETERMINES WHAT ENGINEERING EDUCATION SHOULD PRIORITIZE.

Problem-Solving Perspective Informed-Control Perspective (advocated in this work)

“Engineering: the profession in which a knowledge of the mathematical
or physical sciences gained by study, experience and practice is applied
with judgement to develop ways to utilize, economically, the materials
and forces of nature for the benefit of mankind.” —ABET, quoted in [9]

The discipline of exercising informed control [10], [11] over consequential
systems and accepting responsibility for their outcomes [12]. Control
requires sufficient command to understand and direct the system, evaluate
evidence, recognize failed assumptions, and intervene. Implementation
may be delegated to humans or to machine intelligence. —Our synthesis

available to engineers? We propose defining engineering
through the responsibilities practitioners retain as tools evolve.

Engineering is conventionally characterized as the applica-
tion of scientific knowledge and technical judgment to solve
problems. Professional codes of ethics establish engineers’
responsibility for the consequences of their work [20]. Ac-
creditation criteria likewise emphasize solving complex engi-
neering problems alongside ethical judgment and professional
responsibility [21]. Yet problem-solving remains central to
how engineering competence is described [22].

As AI agents acquire engineering capabilities, problem-
solving becomes an insufficient definition. Agents, too, can
analyze problems, develop designs, implement solutions, and
evaluate results. What then distinguishes an engineer from an
agent? We argue that the distinction lies not in the activities
performed, but in responsibility for their consequences.

Safety engineering provides a useful foundation for this
view. Leveson’s systems-theoretic approach treats safety as
a control problem: enforcing constraints on system behavior
through appropriate control structures, feedback, and inter-
vention [10], [11]. From this perspective, the engineer must
design, understand, and direct a (largely automated) system,
evaluate its behavior, and intervene when necessary. Engi-
neering entails informed control over consequential systems
and responsibility for their outcomes (Table I). Responsibility
requires sufficient understanding and authority to evaluate
and influence consequential behavior.

Practical motivation. In our previous course offering, stu-
dents were given a detailed specification for a software pack-
age registry, e.g., npm or Hugging Face. One team completed
the approximately 30-KLOC project over a weekend and
earned the highest score, describing how they used a cod-
ing agent with little engineering judgment or understanding.
Successful implementation did not demonstrate competence.

III. TEACHING SOFTWARE ENGINEERING AS DELEGATION

Our redesigned undergraduate software engineering course
emphasizes two capabilities: engineering judgment and in-
formed control. Judgment concerns deciding what matters and
why. Control concerns ensuring that delegated work satisfies
engineering obligations. Traditional software engineering top-
ics remain, but we teach them through the lens of judgment
and control. Later units explicitly address delegation to agents.
The course concludes with software in operation (Table II).

A. Teaching Engineering Judgment, Not Implementation

Building on project-based and inductive learning [23], we
teach conventional software engineering topics through the
decisions engineers must make rather than the artifacts they
produce. Students identify alternatives, distinguish their rel-
evant properties, and establish evidence to justify decisions
about systems they may not implement themselves. Three
examples illustrate this emphasis.

Specification concerns the allocation of responsibility and
freedom. Students distinguish obligations from fabrication
choices, deciding which unresolved choices to constrain, del-
egate, or investigate further. A specification defines acceptable
implementations rather than prescribing a particular one.

Architecture and design concern allocating system respon-
sibilities and selecting mechanisms. Students compare alterna-
tives based on dependencies, critical paths, failure propagation,
performance, and maintainability. When agents can readily
implement competing designs, students can investigate more
alternatives before selecting and justifying a design against the
system’s requirements.

Validation concerns the evidence needed to accept an
implementation. Students identify claims about the system,
select tests and analyses that could support them, and judge
whether the evidence is sufficient. Traditionally, developers
could draw on their familiarity with code they had written.
When implementation is delegated, students must evaluate
evidence without assuming such familiarity.

Students implement substantial software throughout the
project, often with coding agents; classroom instruction em-
phasizes their decisions, delegation, and evaluation of evi-
dence. §IV describes how we assess these capabilities.

B. Teaching Control: Models, Alignment, Degrees of Freedom

Delegation requires sufficient knowledge to direct and as-
sess work without performing it personally. Because agents
resolve unspecified choices, engineers must distinguish deci-
sions they can safely delegate from those requiring explicit
constraints or independent evidence. We teach this through
models, alignment, and degrees of freedom.

a) Models: An engineering model is a purposeful ap-
proximation that preserves the properties needed to answer an
engineering question while omitting the rest. Languages such
as UML and SysML support reasoning about structure, behav-
ior, and constraints [24], [25]. Students identify an engineering
question, determine which properties matter, and construct a



TABLE II
SYLLABUS ORGANIZED AROUND ENGINEERING JUDGMENT AND CONTROL UNDER DELEGATION.

Unit Engineering capability Course application

Engineering foundations Distinguish engineering decisions from fabrication; establish team processes Organize project teams and responsibilities
Requirements Distinguish stakeholder desires from engineering commitments Interpret regulations and establish requirements
Specification Allocate responsibility; constrain consequential behavior while preserving design freedom Negotiate shared specifications
Architecture & design Compare mechanisms, dependencies, and tradeoffs using evidence Defend architecture and design decisions
Validation Determine what evidence supports engineering claims Design validation and cross-team testing
Delegation Allocate authority and establish conditions for acceptable results Delegate implementation to coding agents
Modeling Represent consequential properties without prescribing implementation Construct and analyze engineering models
Alignment Make obligations independently checkable or enforceable Govern agent-produced artifacts
Failure-aware engineering Diagnose failures and strengthen models and controls Convert recurring failures into durable controls
Software in the world Maintain informed control as systems operate and evolve Reason about deployed systems and changes

model sufficient to answer it, making important system prop-
erties inspectable without prescribing implementation. Prior
work has used interactive modeling environments and model-
based systems engineering to develop modeling skills and
systems thinking [26], [27]. We extend this educational pur-
pose to delegation, using models to constrain delegated work.
Formal modeling remains uncommon in everyday software
engineering [28], making it difficult to justify as a central
activity in introductory courses. Agents may change this calcu-
lus: they reduced the effort of constructing and manipulating
models, while delegated implementation increased the value
of independently checking system properties. We therefore
integrate modeling into the engineering process rather than
treating it as a specialized technique (§IV-C).

b) Alignment: Models express obligations but do not
enforce them. Alignment uses tests, static analyses, and other
checks to evaluate artifacts independently of an agent’s expla-
nations. Yet verification establishes only what follows from the
supplied model and properties: an agent may produce a model
that passes every check while misrepresenting the intended
system, omitting consequential assumptions, or preventing
useful behavior. Students must therefore judge whether models
and checks express the right obligations.

c) Degrees of freedom: Every engineering decision limits
the set of possible implementations. Models specify selected
properties while deliberately leaving others unspecified. Del-
egation allocates these remaining degrees of freedom: the en-
gineer determines what must hold while allowing the agent to
choose how to satisfy it. Over-specification needlessly restricts
implementation choices; under-specification leaves important
system behavior unspecified. Deciding which implementation
choices must be constrained and which can safely remain open
is itself an exercise of engineering judgment.

IV. COURSE ACTIVITIES AND ASSESSMENT

We are implementing this approach in an undergraduate
software engineering course with 115 students. Three activities
foreground judgment and control, each doing different work.
A semester project organized around shared specifications and
reciprocal testing elicits engineering decisions and records
them in inspectable artifacts. Individual oral examinations
assess whether those decisions are understood by each student
rather than only by the team. A modeling laboratory that

separates agent assistance from semantic authority examines
the limits of the evidence automated analysis produces.

The student activities and observations reported in this
section were conducted under a protocol approved by our
Institutional Review Board (IRB).

A. Semester Project

a) Project organization: The semester project asks stu-
dents to translate regulatory obligations into requirements
and specifications, resolving ambiguous terms while retaining
implementation freedom. LLMs make hundreds of pages of
regulatory text accessible; students must still exercise engi-
neering judgment to determine what their systems should do.
They select from four regulatory contexts:

1) ADA Title II [29]: document accessibility.
2) EU AI Act [30]: AI transparency.
3) EU Cyber Resilience Act [31]: product security.
4) SEC Disclosure Rules [?]: incident reporting.

Teams of 3–5 students interpret the applicable regulation,
select a tractable subset of its obligations, and develop require-
ments, specifications, designs, implementations, and evidence
of compliance. The instructor supplies neither the engineering
problem nor its specification: students must determine what to
build and how. The project has seven phases: (0) form teams
and select regulations; (1) investigate regulations, stakeholders,
and candidate projects; (2) establish requirements, interfaces,
and success criteria; (3–5) complete team-defined development
milestones, including testing and validation; and (6) demon-
strate prototypes and supporting evidence.

Teams are organized into pods according to the regulation
they address. Within each pod, teams negotiate a shared spec-
ification before implementing independently and cross-testing
one another’s systems. Regulatory ambiguity requires students
to determine what must be specified. Pods make testing these
decisions scalable: independent implementations and cross-
testing expose differences that agreement on a specification
may conceal, without instructor-provided reference implemen-
tations. Students practice establishing obligations that remain
meaningful when others carry out the work.

At the time of writing, teams have completed the first
development milestone (Phase 3).



b) Preliminary observations: We examined the submis-
sions for Phases 1–3 (30 teams) for evidence of students’
problem investigations, specifications, and design decisions.

The submissions illustrate how students translated regula-
tory uncertainty into explicit engineering decisions. In an ADA
Title II project, students initially recognized that they “cannot
assume that accessibility can be handled as a completely
automated pass or fail process.” Their subsequent specification
distinguished two automatically repairable checks from six re-
quiring human review, prohibited unsupported claims of ADA
compliance, and established acceptance tests for these restric-
tions. In a Cyber Resilience Act project, students disagreed
about when a manufacturer legally “becomes aware” of an
exploited vulnerability. Rather than resolve the legal ambiguity
themselves, they required the timestamp to be supplied by
a user, preserving deterministic deadline calculations without
delegating the legal judgment to software.

The reports also exposed shortcomings in engineering judg-
ment. One pod declared all disagreements resolved, although
a team’s risk analysis identified unresolved decisions about
supported formats, checks, and thresholds. One team’s design
notes (for an EU AI Act project) state that without a water-
mark, the program “cannot conclude about the file’s origins,”
yet the team specified no requirement or acceptance criterion
for human review. Across these cases, the allocation of au-
thority between people and software, and its translation into
requirements and acceptance criteria, became inspectable—
including where that translation was incomplete (§III).

Extensive delegation to coding agents did not remove the
need to establish shared engineering obligations. Phase 3
reports often describe how cross-team testing exposed unre-
solved choices in both product behavior and testing proce-
dures. One team reported that “The two teams’ tests disagreed
[on precedence of error code to apply].” Another reported that
“Both teams assumed exclusive use of the system under test”
and failed when tests ran concurrently. Pods thus made the
consequences of underspecification visible.

B. Individual Oral Examinations

a) Assessment design: Project success does not establish
individual competence: students may rely on teammates’ deci-
sions or agents’ implementations without understanding how
to evaluate the resulting system.

We will administer two rounds of individual oral examina-
tions in lieu of midterm and final exams, lasting approximately
five minutes each. Oral examinations have been studied as
a means of assessing individual understanding [32], and are
recommended in response to generative AI [33]. Students ex-
plain and defend consequential decisions about their project’s
requirements, specification, design, and validation, regardless
of who—or what—produced the implementation.

b) Preliminary observations: Thus far we have com-
pleted 50 of the first-round oral examinations, of approxi-
mately five minutes each. We observed that technical follow-
up questions exposed substantial differences in students’ un-
derstanding of their projects. These anecdotal observations

suggest that brief oral examinations can help distinguish
informed delegation from reliance on agent-produced work
that students cannot adequately explain or evaluate.

C. Modeling Laboratory

a) Workbench design: We developed the Workbench to
introduce students to engineering with semantically defined
models. Following the computer-aided software engineering
tradition [34], it draws on SysML v2 and KerML [25],
[35] and contemporary model-driven environments such as
BESSER [36]. It supports typed entities, state machines,
synchronized events, and dimensioned quantities.

For classroom accessibility, we provide a static client-
side application requiring no server, account, or installation,
addressing usability barriers identified in modeling educa-
tion [37], [38]. Students construct and analyze models through
a graphical interface or an existing coding agent connected
to the browser through the Chrome DevTools Protocol. This
provides natural-language interaction without requiring stu-
dents to master the modeling notation. Crucially, interaction
is separate from semantic authority: the agent translates intent
into model operations and reports results, but the Workbench’s
semantics determine what an analysis concludes.

b) Laboratory exercise: Students use the agent-assisted
workbench to investigate two design problems sharing one
structure. In the first, concurrent threads must share a limited
memory budget; in the second, a message-processing system
must avoid losing acknowledged work after a failure. Each
begins with an unsafe design. Students compare a conservative
solution that restricts behavior with a refined solution permit-
ting greater concurrency or earlier acknowledgment. They use
the model checker to examine both whether undesirable states
are excluded and whether the system can still perform useful
work: eliminating undesirable behavior is not sufficient if the
solution also eliminates desirable behavior. In the first activity,
for example, threads requiring up to 20, 24, and 27 KB of
working memory share a 48 KB budget; serializing allocations
is safe but needlessly restrictive, while a refined policy can
permit the 20 KB and 27 KB allocations to coexist—though
not the 24 KB and 27 KB pair. The exercise therefore requires
students to distinguish a passing verification result from an
adequate engineering design. For each activity, students report
two distinct design approaches, articulate the properties they
established for each, and reflect on their experience designing
with an agent and its implications for software engineering.

c) Preliminary observations: We analyzed written re-
ports from the 64 students who completed the modeling
laboratory. Codes were developed inductively and applied
consistently across the reports using LLM assistance.

In both activities, 59% explicitly reported checking not only
that unsafe states were excluded but that the system could
still do useful work—the distinction the laboratory exists to
teach, and one that a correct model alone does not establish.
Students also described agent assistance as accelerating model
construction while leaving important decisions and verifica-
tion responsibilities with them: 48% mentioned speed, 53%



described retained human responsibility, and 33% expressed
both. One student explained that “the agent could make a valid
model that did not match the actual constraint I was trying to
preserve.” Difficulties were equally concrete: some reported
an agent changing a system parameter to satisfy a failing
check, and others verification results silently carried over after
a revised model failed to load. These failures illustrate why
students must inspect both the models agents construct and
the evidence produced by verification.

D. Formal Evaluation Plan

We will evaluate students’ ability to identify consequential
decisions, allocate responsibility, and assess evidence about
delegated work. Project artifacts will show traceability from
regulatory obligations to requirements, treatment of unresolved
decisions, and adequacy of acceptance criteria. Cross-testing
will examine whether independently developed implemen-
tations satisfy shared specifications. Oral examinations will
assess students’ ability to explain and defend their engineering
decisions. We will compare project and individual assessments
to identify recurring failures of judgment and control.

V. DISCUSSION

The course illustrates how a definition of engineering grounded
in responsibility and informed control (Table I) can guide
educational design, but leaves important questions about the
competencies engineers must retain. This framing emphasizes
enduring responsibilities: delegating, evaluating evidence, rec-
ognizing failed assumptions, and intervening.

Must engineers retain implementation expertise? Under
our informed-control framing of engineering, engineers must
be competent in requirements, specification, architecture, val-
idation, and other activities needed to direct and assess the
production of software. Implementation—writing the code—
is the activity most plausibly fully delegable to agents. Must
engineers still learn to code? Historically, software abstrac-
tions have leaked: engineers sometimes need to reason about
underlying mechanisms to diagnose failures and assess con-
sequences [39]. Bainbridge’s ironies of automation identify a
related danger: automation can remove opportunities to de-
velop and maintain the expertise needed for intervention [40].

Consider a system that faithfully implements its specifica-
tion yet fails because important behavior was left unspecified.
Diagnosing such a failure requires reasoning in machine-
space—examining the implemented system’s behavior—and
translating that understanding into model-space—refining the
engineering models that govern subsequent implementations.
Thus, implementation expertise may remain necessary not
primarily to produce artifacts, but to recognize when the
models governing their production are inadequate. The mod-
eling laboratory suggests the same distinction: being able to
generate a model does not establish the ability to understand
its assumptions or judge its results—the ability to produce an
artifact and the ability to evaluate it are distinct competencies.
Engineering education must therefore determine how much
implementation expertise students need to exercise informed

control, and how to develop and sustain that expertise as
implementation becomes increasingly automated.

What should count as engineering competence? Produc-
ing working software has long served as a proxy for compe-
tence. This proxy is now weakened by agentic development.
Assessment must examine students’ requirements, decisions,
delegation, and supporting evidence. Projects and oral exami-
nations can assess these abilities, but must distinguish between
work students performed themselves and work they directed
and evaluated. Both are plausible targets for assessment.

VI. RELATED WORK

Recent work reconsiders human–agent division of labor
across engineering processes and the software lifecycle [18],
[1], [41], model-based governance and durable controls [42],
[43], and human agency and inspection [2], [44]. Contempo-
rary accounts of agentic software engineering describe a shift
from code production toward specification, verification, and
human judgment [45], [46]. These accounts identify where
human expertise is currently needed. We instead ask what
remains when agents can perform these activities too: the
enduring responsibility to direct engineering work, evaluate
its consequences, and intervene when necessary.

Research on AI in computing education has examined
opportunities and risks for student learning [47]. In soft-
ware engineering education, prior work explores incorpo-
rating AI into existing curricula [48], integrating it across
design, implementation, and testing [49], and assessing AI-
assisted development through process and reflection rather
than code alone [50]. Other work proposes frameworks for
responsible AI integration [51]. These approaches recognize
that responsibility remains with the developer even as AI
assumes more engineering work. Judgment-centered education
further emphasizes verification, accountability, and evidence
of individual understanding [52]. We share this emphasis on
judgment, but ask what that responsibility requires students to
know and do, and use the answer to reorganize software engi-
neering education around modeling, delegation, and alignment.

Modeling is central to education and practice in other
engineering disciplines, where physical changes are costly.
It supports prediction and design exploration [53], [54]. We
draw on this tradition to counter premature code fixation: stu-
dents reason about system properties and assumptions before
committing to implementation. Agentic development extends
these practices to delegated work, using models to direct
implementation and evaluate its results.

VII. CONCLUSION

Software engineering education should be organized around
the responsibilities engineers retain, not the activities that
agents cannot yet perform. We propose developing two com-
plementary capabilities: judgment over consequential deci-
sions and informed control over delegated fabrication. Our
course shows how these objectives can organize undergraduate
instruction. Future research must determine which models and
controls best support increasingly complex delegation.



Materials: The open course materials include a textbook
on decision-making in software engineering, lecture notes,
slides, and the course project. See https://davisjam.github.io/
model-based-agentic-software-engineering/teach/index.html.
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